This paper examines the effects of credit availability on small firm survivability over the period 2004 to 2008 for non-publicly traded small enterprises. Using data from the 2003 Survey of Small Business Finances, we develop failure prediction models for a sample of small firms that were confirmed to have been in business as of December 2003, with particular attention to the impact of credit constraints. We find that credit constrained firms were significantly more likely to go out of business than non constrained firms. Moreover, credit constraint and credit access variables appear to be among the most important factors predicting which small U.S. firms went out of business during the 2004-2008 period even though an extensive set of firm, owner, and market characteristics were also included as explanatory factors.
Introduction
The recent economic turmoil beginning in late 2007 has challenged businesses of all sizes. Firms have been faced with a great deal of uncertainty regarding sales and the economic outlook. At the same time, the recent downturn has dramatically impacted the availability and terms of credit. Over the 2007-2009 period, financial institutions have reported tightening their credit standards for approving loans (SLOOS).
1 Many small business owners rely on personal assets to guarantee or collateralize loans for their firms. As their equity in real estate holdings has generally declined in value during the recent turmoil, owners' ability to tap into personal balance sheets to secure their business credit needs has also shrunk (NFIB 2010). We find that credit constrained firms were significantly more likely to go out of business than non constrained firms.
Moreover, credit constraint and credit access variables appear to be among the most important factors predicting which small U.S. firms went out of business during the 2004-2008 period even though an extensive set of firm, owner, and market characteristics were also included as explanatory factors.
1 Senior Loan Officer Opinion Survey on Bank Lending Practices http://www.federalreserve.gov/boarddocs/SnloanSurvey/ representative sample of more than 4,000 firms that were in operation at the end of 2003. The SSBF allows construction of standard financial balance sheet and income ratios that are used in many failure prediction models (Altman 1968) . 4 Our measure of survivability is constructed from the NETS database from Walls & Associates.
In addition to financial ratios, the SSBF data are rich in firm (e.g., employment, organizational form, location, age and industry) as well as owner characteristics (e.g., race, education, experience, home ownership and value of home).
Importantly for this study, the data also contain many measures of credit constraint, including a firm credit score, self-reported credit history variables such as late payments and bankruptcy for firm and principal owner, recent credit application experience of the firm, and whether firms borrow using trade credit and credit cards. 
Previous Literature
The literature on default prediction studies is voluminous and involves several approaches. 6 The earliest, most well-known and widely applied technique to firm failure prediction models uses financial ratio analysis. Following the introduction of such models in the 1960s, researchers provided theoretical arguments for failure that tended to argue one or both of the following hypotheses. The first is that firms will fail because the present value of their costs exceeds their revenues. The second is that inefficiencies in capital markets can lead to failure among firms with positive net present values. While financial statement data are required for ratio analysis studies, the theoretical literature on firm failure has suggested other variables, including firm and owner characteristics other than financial statement variables, local and macro economic conditions, as well as indicators of credit access and credit quality. The various approaches will be discussed below.
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Financial ratio analysis
Studies predicting failure of businesses began with work in the 1930s that established that accounting ratio measures exhibited by discontinuing firms were different from measures exhibited by surviving firms (Shailer (1989) . Following up on this finding, Beaver (1966) and Altman (1968) explored the differences on small samples of failed and non-failed businesses.
Beaver examined some fourteen financial ratios individually on a matched sample of 79 failed and 79 non-failed institutions. Altman (1968) is often credited as the first to apply multivariate techniques to failure analysis. He applied mutiple discriminant analysis to a sample of 33 failed and 33 non-failed institutions that filed bankruptcy petitions during the period 1946-65. From an 6 For summary articles, see Hall (1992) and Keasey and Watson (1991) . 7 In addition to studies predicting failure or discontinuance, there are also studies of entry and exit rates among businesses. The entry-exit studies provide some useful insights into reasons underlying failure, even though such studies may be largely descriptive. See Hall (1992) , p. 239, and also Dunne et al (1988) , Headd ( 2003) , Hudson (1986), and Boden (2000) .
initial 22 ratios, Altman settled on five ratios as providing in combination the best overall prediction of corporate bankruptcy. The ratios included measures of liquidity, profitability, leverage, solvency and activity ratios.
Many studies since Altman (1968) have added further support to the potential usefulness of such models for failure prediction. The literature is quite large and studies that provide reviews of earlier works include Ohlson (1980) , Taffler (1982) , and Altman and Sabato (2007 Little attention was initially given to small or private enterprises. Publicly available datasets are heavily biased towards large firms and usually contain little or no information on small firms. However, some efforts to study small firm failure have produced encouraging results, although often the variables and models used for small enterprise studies differ from the ratio analysis described above. This is in large part because financial statement data for smaller enterprises or for non-publicly traded enterprises is often unavailable. 8 There are ratio studies that claim to have examined small firms. However, most of these studies use publicly available information which generally includes firms that are publicly traded (or "quoted" or "listed" or "not Studies of private companies using financial ratio analysis are reviewed by Shailer (1989 Peel and Peel (1987) ) or Australian companies (Shailer (1986) ). Samples were typically on the order of 100 or less observations. In-sample predictions averaged around 75 percent accurate. But when applied to a hold-out sample, Peel and Peel's models exhibited high classification error rates.
Differences in the variables used between small (private) company models and large (public) company models as reported in these studies suggest that small business failure models may be a separate avenue of research.
Net present value
Employing the hypothesis that survival is dependent upon a positive net present value (of revenues and costs), several studies have identified firm characteristics other than financial ratios that are likely associated with increasing the difficulty firms have in maintaining solvency.
Models formulated by Argenti (1976) , Jovanovic (1982) and Dunne, Roberts and Samuelson (1988) indicate that firms fail because of their management structure or because they are unlucky or inefficient. Argenti (1976) Rather, the process of failure is based on a number of defects in the organization and financial structure of the company. Based on case studies, Argenti concludes that factors reflecting the management structure and the adequacy of the accounting information system such as one-man 9 Credit quality or credit access may also be a symptom, rather than a cause if it is firm actions (risk taking, performance, etc.) that result in the credit constraints. On the other hand, credit constraints resulting from frozen credit markets or deterioration of the financial institution used by the firm may be causal. Future research on this topic will attempt to sort out the nature of the credit constraints and their effect on survivability.
rule, lack of management depth and experience, and concentration of resources into a single project are factors that are associated with failure. Although not specifically examining small firms, these factors are usually characteristics of small firms. Studies that included some of these factors include Storey et al (1987) and Keasey and Watson (1986) . Both studies included financial ratios as well as some variables reflecting management structure. They found that the nonfinancial ratio variables increased the predictive accuracy somewhat. The results are generally supportive of the Argenti model of business failure. Such variables also have some practical advantages in that some of the information required is available for small firms, whereas financial statement variables are difficult to obtain for non-traded enterprises.
Jovanovic provides a two period model of firms' costs and Dunne et al test some of the implications to further explore why failures are more likely among small and young enterprises.
In these models, small and young firms are likely to be more vulnerable because it takes time to acquire the information and knowledge to better predict their costs and revenue functions than it does for larger and older firms.
Hall (1992, p. 240) further argues that small firms have limited portfolios -first with respect to the opportunity-sets of products or services they offer or markets in which they operate, and second with respect to the human capital embodied in management, which is likely less vis-à-vis larger firms. Both the degree of diversification and level of human capital will likely increase with the size of the company. Consequently, small firms are more prone to failure. Limited portfolios will lower the expected earnings and increase the variance of small vis-à-vis larger firms. And a result of a lower volume of human capital is that the income streams that it generates may be both lower and more sensitive to the situation being faced.
These observations reinforce the importance of accounting for shocks to the firms' operation.
But they also suggest that the characteristics of management -including factors such as experience, education, and breadth of management -may be important to identifying firms likely to fail.
Capital market imperfections, credit constraints, and credit quality
Another line of research focuses on capital market imperfections (Wadhwani (1986), Hudson (1986) , Simmons (1989) , and by implication credit constraints and credit quality.
Inefficiencies in capital markets can lead to failure among firms with positive net present values.
In particular banks (and other lenders) have been accused of charging small firms too much, demanding too high a level of collateralization, being inefficient in their procedures for credit assessment (or economies of scale with firm size), and in some cases unwilling to lend to smaller firms. As a result of these imperfections, small firms facing such constraints will be less able to adjust to shocks to their operations than larger firms.
Early tests of failure models based on capital market imperfections use variables that were intended to be surrogates for shocks to cost or revenue flows, as was true of the studies by Dunne et al (1988) , Storey et al (1987) and Keasey and Watson (1986) . Hudson includes a variable of company profits to company GDP which might be considered a surrogate for net present values; Wadhwani does not include inflation but does find that interest rates are positively correlated with the numbers of liquidations.
The literature also suggests several indicators of credit access and credit quality that are likely related to the probability of discontinuance. Applying and being denied credit signals that a firm is unable to secure the desired level of credit. Credit constrained firms have less access to credit which may also force them to use relatively more expensive shorter term debt to finance their operations. Such restrictions and costs may leave them vulnerable to shocks in their cash flow. This in turn puts them at a higher risk of failure (Keasey and Watson (1991) ). It may also constrain the firm from initiating new projects, expanding operations, investing in research and development, or even making its payroll, and ultimately affect the firm's probability of survival.
For example, Musso and Schiavo (2007) , using an index of financial constraint, report a significant relationship between survival and financial constraint.
Such constraints may cause firms to turn to alternative but somewhat more expensive types of credit. For example, borrowing using credit cards or using trade credit are often more expensive than traditional bank loans. Blanchflower and Evans (2004) found that firms that had their credit access constrained-i.e., denied credit or feared applying because they thought they would be denied-were significantly more likely to borrow using credit cards. In a recent study of start-up firms, Scott (2009) reports a negative correlation between the level of credit card debt and subsequent survival. And Peterson and Rajan (1997) report that firms that had loans requests denied were more likely to borrow using trade credit.
In addition to credit constraint indicators, the credit quality of firms may also be related to subsequent survival. Several studies have found that firms with poor credit histories (e.g., bankruptcy, delinquency on current debt, and judgments), or low credit scores, are less likely to have loan requests approved (e.g., Blanchflower, et al (2004) , Cavalluzzo and Wolken (2002) , Ayytinen and Pajarinen (2007) . Robb and Robinson (2010) examine differences between surviving and failing "new" firms and report that firm credit scores are positively associated with indicators of success -revenues, assets, profits, and employees larger than the sample median levels.
In sum, the literature regarding predicting business failure has used a variety of approaches, starting with financial ratio analysis in the 1960s. Since then, researchers have identified a number of other factors likely to affect the probability of failure, in part due to the development of theoretical models to help understand what leads to failure and in part due to necessity owing the lack of publicly available financial data for small firms. The literature indicates that factors that are associated with (small) firm insolvency include financial ratios as well as other income and balance sheet variables such as size. Moreover, other firm characteristics (e.g., age) and owner/manager characteristics (experience, education) are likely important, as are variables reflecting credit constraints and credit quality of the firm. Finally,
given that firm performance is likely to be affected to some degree by the general health (or change in the health) of the local and national economy, it may be important to include such variables as well.
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The Data
Survey of Small Business Finances (SSBF)
The majority of data for this paper come from the 2003 Survey of Small Business Finances (SSBF). The 2003 SSBF was conducted to collect information from the owners of a nationally representative sample of more than 4,000 U.S. small business enterprises. Owners were asked about firm income statements; balance sheets; financial relationships; credit experiences; lending terms and conditions; the number of branches and firm headquarters location; the types of, and locations of financial institutions that were used; and about various other firm characteristics.
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10 See Holman and Fletcher (1989) . They examine factors affecting failure rates and find that macroeconomic factors such as the money supply, real GNP, and real corporate profits are highly significant in predicting firm failure. The target population of the survey was defined as for-profit, non-governmental, nondepository and non-agricultural enterprises with fewer than 500 employees. Firms in the sample had to be either single establishments, or the headquarters of multiple establishment enterprises that were not majority owned subsidiaries of other firms. Additionally, in order to be eligible, businesses. It is a meant to be a snapshot of active businesses at a particular point in time.
National Establishment Time-Series (NETS) Database
In order to incorporate a time element into the SSBF cross-section, we merge in data from the National Establishment Time-Series (NETS) Database. The NETS Database is constructed from 20 "snapshots" taken every January since 1990 of all active Dun and Bradstreet establishments (currently over 24 million). Each year, the snapshot is compared to information from the previous years. No establishments are ever deleted from the database; but their last year in business is indicated making it possible to follow a firm over time. Walls & Associates maintains the NETS database and continues to update estimates before the next annual release.
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One unique feature of the NETS database is that it allows the researcher to distinguish between a firm that is no longer in business and one that has been purchased by another firm or changed its organizational form but essentially continues to operate. On the D&B DMI file, firms that were purchased by other firms or changed organizational form are assigned a new DUNS number. Thus, comparing two point-in-time snapshots of the D&B file without the quality control implemented for the NETS database would make these firms that went out of business appear identical to firms that were still operating with different names or forms.
However, the NETS database does not allow us to differentiate between firms that went out of business due to bankruptcy or poor performance from those that closed down because the owner simply retired.
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The NETS database also contains several other yearly measures of firm characteristics such as employment, sales and credit ratings. Because our experience with the employment and sales numbers from the DMI file have indicated that these numbers are not very accurate, we do not use this information in analysis 14 . However, because D&B specializes in credit rating, this measure may be more informative. The credit rating is a composite credit worthiness measure; unlike the credit score, which provides a relative ranking of firms, the credit ranking is specific to the firm.
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House Price Indices
Many small business owners rely on personal assets to guarantee or collateralize loans for their firms. As their equity in real estate holdings has generally declined in value during the recent turmoil, owners' ability to tap into personal balance sheets to secure their business credit 
Geographic Controls
Because the location where the firm operates is likely to have an impact on the survivability of the firms, we also include a limited number of measures of the economic environment. Using the MSA or rural county where the firm's headquarters is located, we merge in measures of population and establishment density from Census data, the average wage per job and per capita income from BEA, and the unemployment rate from BLS. As an area becomes more densely populated, we would expect the firm to have more demand for its products, increasingly the likelihood that the firm will stay in business.
The relationship with the number of establishments in the area is theoretically less clear. While higher densities of businesses would likely be associated with better infrastructure decreasing the cost of doing business, more businesses could also mean more competition. Because small businesses are also potential employers, rising wages in the area where the firm operates is likely to increase the cost of production; thus, we would expect to see an inverse relationship between average wages and firm survivability. Per capita income, on the other hand, should have a positive relationship with survivability as more wealthy residents would be more capable of buying the firm's output. We would expect unemployment rates to be negatively associated with survivability.
To capture the changing nature of the economic environment, we use the percentage change in these measures between 2004 and 2008 when we estimate the logistic models and the one-year lagged value (time-varying) when we estimate the proportional hazard model.
The Sample
Of the 4,240 firms that completed the 2003 SSBF, 4,230 were successfully matched to firms on the NETS database.
18 Table 1 Of those firms, 332, just under 8 percent, were no longer in business as of January 2008 ( ). This represents slightly less than 10 percent of the population. Statistics on new employer firms indicate that 69 percent survive at least the first two years and 51 percent survive at least five years (Small Business Administration, 2009).
Because the 2004 SSBF firms are not all new firms-the median firm was 12 years old-and 18 The 10 firms that did not match up are still being investigated. The most likely explanation is that the D&B number was incorrect on one of the files.
they are not all employer firms, one would not expect the survival rates to match perfectly, but the 8 percent does not seem extraordinarily high or low.
In order not to bias the results, we did not want to include firms in the analysis that already looked defunct when they were interviewed in 2004. For the analysis, we eliminated firms that reported assets of less than $0 or sales of less than $1,000. Because the SSBF were multiply imputed, this restriction led to slightly different numbers of firms being used for each implicate. Table 2 provides the breakdown of the sample by implicate. Between 158 and 162 firms were dropped from analysis. About double the fraction of these marginal firms were no longer in business in 2008 than the other firms. The analysis that follows was conducted using the remaining firms in the 2003 SSBF. 19 Descriptive statistics and model estimates are based on the fully imputed data with standard errors adjusted to take into account the multiple imputations; they are also weighted to take into account sample design.
Data Descriptives
Definitions of variables are summarized in Appendix A. A quick overview of the data shows that the firms that were still in business by 2008 looked different than those that were not when they were interviewed in 2004. In terms of credit history, the firms that were no longer in business in 2008 had credit scores that were 10 percentage points lower than their counterparts. In 2003, the majority of small firms were not rated by D&B-an indicator of the opacity of small firms. However, firms that were no longer in business by 2008
were much more apt to have not been credit rated by D&B, likely making it more difficult for potential lenders to evaluate their credit worthiness. The discontinued firms were also more likely to report that the owner or the firm had been 60 or more days delinquent in paying 3 or more bills in the past three years or had a judgment rendered against them.
Discontinued firms were generally smaller than continuing firms, and reported smaller amounts for both balance sheet and income items: Discontinued firms had smaller sales and profits; they had lower liabilities and accounts receivable as well. As a baseline comparison to the early failure prediction literature, we construct the financial ratios suggested by Altman.
These ratios include multiple measures of leverage, liquidity, activity (e.g., sales to assets), profitability, and coverage (e.g., pre-tax profit to loans). There were large differences in the average ratios across the two groups, although few differences are statistically significant. For instance, discontinued firms reported average short-term debt to equity ratios of around 10 while continued firms reported an average near 75. However, their medians were quite similar. This gives some idea of how heterogeneous the finances of small businesses are and possibly some insights into the potential (or lack thereof) of financial ratios to predict the discontinuance of very small businesses.
In terms of firm demographics, the discontinued firms tended to be younger and smaller, although the differences in size measures (assets, sales, profits, and employment) other than profits are not statistically different. There is virtually no difference in forms of organization.
There are only small differences in the characteristics of the owners of the firms that were discontinued; they were slightly more likely to be minority owned and had less formal education and less business experience.
Econometric Results
The data contain five completely imputed datasets. We utilize Rubin's formulas to use the imputed datasets to account for imputation error. In addition, all estimates are weighted to reflect unequal selection probabilities and response rates. All models are estimated in Stata. We estimate two types of models. The logistic model, which reports estimates of log odds ratios, estimates the probability 
Logistic Model
The variables described above are used to predict the probability of discontinuance using reduced form logistic models ( On an individual basis, several of the credit quality and credit access variables are significant. Table 4 provides the log odds ratios for each of the controls. For each percentage point the firm's credit score (which ranges from 1 to 100) is above the average score, the odds of and dummies for Census divisions and major SIC industries. Results from this model are provided in column 1 of Table 4 . Results for joint hypotheses tests of groups of variables (e.g., credit quality variables) are reported at the bottom of table 4. By groups, we find that the credit quality and access measures are jointly significant at the one percent level, as are the Census division dummy variables, and financial ratios and credit constraint variables were significant at the five percent level. By group, firm size measures --employment, sales, assets, profit and firm age-and industry dummies were not significant. 20 We include only one financial ratio of each type. The specific ratio chosen from each of the five types of financial ratios was the one that performed best in predicting that the firm was out of business. Owner age and experience: The NETS data provide no indication of why a firm is no longer in business. It could be that the firm became unprofitable and had to shut down.
However, it could also be the case that the owner simply decided to close the firm, perhaps to retire. In column 2, we add in measures to control for the age and experience to try to control for this uncertainty. Neither of these variables is marginally significant and the rest of the results are largely unchanged.
House prices:
The next two models incorporate information on the changes in real estate prices that occurred over this period. In general, we would expect increasing prices to be associated with increasing access to credit and a negative correlation with firms no longer being in business in 2008. Column 3 uses the FHFA index and column 4 uses the LP index. As with the addition of the owner characteristics, the effects of other coefficients are largely unchanged.
Both indices predict an inverse relationship between firm discontinuance and real estate prices, but neither index is significant at traditional levels. 
Proportional Hazard Model
The NETS data provide a yearly measure of whether the firm was in operation which allows us to incorporate a sense of timing into the estimates. We estimate a proportional hazard model of firm survival: given that the firm has survived until time t, what is the likelihood that it will fail at time t+1. We use the same controls that we used in the logistic models, but examine failure in each year. The resultant hazard ratios are presented in Table 5 . These models are also estimated using 5 implicates and weights, as discussed above.
The results are similar to the logistic models; variables that are significant in the logistic models are generally significant in the hazard models and vice versa. As with logistic model, the hazard ratios are very robust across specifications.
Baseline model:
Results from the baseline model are provided in column 1 of Table 5 .
By groups, we find that only the credit quality and Census division dummy variables are jointly significant at the one percent level. None of the other groups of variables are jointly significant at traditional levels, although the credit constraint variables are significant at the fifteen percent level.
Individually, the credit score is once again significant. However the estimated impact is near zero. A judgment rendered against the firm or owner increases the likelihood of going out of business by 10 percent. Not being rated by D&B increases the likelihood of the firm going out of business by 11 percent in each period. And borrowing trade credit in 2004-an indicator of restricted access to credit-increases the yearly likelihood that a given firm will go out of business by 4 percent. Borrowing on credit cards is marginally significant at the 15 percent level.
Owner age and experience: Column 2 adds in measures to control for the age and experience to try to control for this uncertainty about why the firm is no longer in business. As with the logistic model, neither of these variables is marginally significant and the rest of the results are largely unchanged.
House prices:
The next two models incorporate information on the changes in real estate prices that occurred over this period. The LP index is significant at the 10 percent level, but the model predicts a positive relationship between increasing home prices and the likelihood of a firm going out of business. This is counter to what theory would predict. As with the addition of the owner characteristics, the effects of other coefficients are largely unchanged. 
Conclusions and Further Work
In sum, the results suggest that there are large differences between the continuing and discontinuing firms. It is important to keep in mind that the recent economic turmoil is not representative of all periods. Despite the extraordinary times, the credit access measures do seem to be predictive of firm performance. In future research we would like to address the question of whether some of the credit constrained firms may have fared better had the economy performed better by comparing firm failure during this period to earlier.
-21- Notes: Means and medians are based on the firms that were matched to the NETS database and had assets greater than zero and sales of more than $1,000 when interviewed in the 2003 SSBF and have been weighted to account for sampling. Standard errors have been adjusted to account for the multiple imputation * significant at 10%; ** significant at 5%; *** significant at 1%. † indicates $1 was added to the value to avoid $0 in the denominator. 
Variable Definition
Credit Quality Variables
Firm credit score Firm D&B credit score ranking percentile; 0-100, with 0 being the worst ranking Firm or owner declared bankruptcy Indicator if either firm or owner declared bankruptcy in past 7 years; yes=1, no=0
Firm or owner delinquent 3+ times Indicator if either firm or owner was 60+ days delinquent on payments 3+ times in the past 3 years; ; yes=1, no=0
Judgment against the firm or owner Indicator if either firm or owner had a judgment rendered against them in the past 3 years; yes=1, no=0
Had high or good D&B rating in 2003 D&B creditworthiness assessment based on both payments and financial stability information of the individual firm; good or high=1, else=0
Had fair D&B rating in 2003 D&B creditworthiness assessment based on both payments and financial stability information of the individual firm; fair=1, else=0
Had limited D&B rating in 2003 D&B creditworthiness assessment based on both payments and financial stability information of the individual firm; limited=1, else=0
Had no D&B rating in 2003
Creditworthiness not assessed by D&B due to lack of information; no score=1, else=0
Credit Access Variables
Firms fearing denial Indicator that the firm did not apply for credit because it was afraid of denial; yes=1, no=0
Borrowing on credit cards indicator that firm carried a balance on a credit card; yes=1, no=0
Borrowing on trade credit Indicator that the firm paid trade credit after the grace period; yes=1, no=0
Been denied trade credit Indicator that the firm applied for and was denied trade credit; yes=1, no=0
Firms using real estate as collateral firm has at least one loan collateralized by real estate; 1=yes, 0=no LP home prices (% Δ 2004-08) Percentage change in house price index within the MSA/rural county where the firm's headquarters was located, using the CoreLogic LoanPerformance price index. Note in Hazard models, one year changes are used.
FHFA home prices (% Δ 2004-08) Percentage change in house price index within the state where the firm's headquarters was located, using the FHFA price index. Note in Hazard models, one year changes are used. 
Firm/Owner Variables
Industry Variables
Construction and mining Indicator that the firm's primary industry is construction or mining; yes=1, no=0
Manufacturing Indicator that the firm's primary industry is manufacturing; yes=1, no=0 Transportation Indicator that the firm's primary industry is transportation; yes=1, no=0
